Abstract-Accurate load forecasting helps stabilize the system by triggering the appropriate actions if needed such as planning for emergency dispatch and load switching for short-term solution and building or upgrading facilities for long-term solution. The Short Term Load Forecasting (STLF) provides information for utilities' system planners so that they can come up with a short-term solution to protect the transmission and distribution systems and to better serve the customers. This article provides a way of accurately predicting one-hour-ahead load of a utility company located in the North America region (hereafter this utility will be referred to as NAUC) based on Adaptive Neuro-Fuzzy Inference System (ANFIS). The inputs to the ANFIS are the next-hour temperature, next-hour dew point, day of the week, hour of the day, and the current-hour load. The output is the next-hour load of the entire system. The ANFIS based method can accurately predict the next-hour load to an accuracy of 2.5 % .
I. INTRODUCTION
Medium-term and long-term load forecasting plays an important role in power system planning, and short-term load forecasting is critical for reliable and efficient operation of power systems.
While medium-term and long-term load forecasting is mainly based on the prediction of the future economy status, growth rate of the population, etc. [1] - [2] , the short-term load forecasting (STLF) is based largely on weather conditions. There is significant research that has been done in the recent years to address the STLF. The method proposed in [3] obtained the forecasted load by adding a correction to the selected similar day data, in which the correction is achieved by using a neural network. The learning data for this method are the deviation data of load power and deviation data of temperature. The authors in [4] - [8] have successfully put into use the fuzzy logic, fuzzy linear regression, and fuzzy rough set method, respectively, to predict shortterm load. The fuzzy logic described in [4] consists of two inputs. The inputs are time in hours and temperature, where time in hours has eight membership functions and temperature has four membership functions. The work in [5] utilized fuzzy logic in combining with evolutionary programming and orthogonal least square method to predict the hourly load. Temperature is adopted as the inputs for the work.
Other intelligent techniques are also employed for STLF. References [9] - [10] explored methods such as least square support vector machine and genetic algorithm embedded neural network, respectively. While [9] adopted the historical peak load and historical daily peak temperature as inputs, the authors in [10] utilized temperature and humidity as inputs. The work described in [11] adopted a combining method of neural fuzzy network and a modified genetic algorithm as the decision-making method in an attempt to forecast the next hour load. The inputs used in this method are rainfall index, temperature, and historical load data. Authors in [12] - [13] investigated the default rules mining and hybrid rough sets, respectively, to predict the short-term load. Both references [12] and [13] utilized the weather data as part of the inputs.
One-hour-ahead load forecast using multi-stage artificial neural network is described in [14] . The approach applied a three-layer feed-forward neural network model. The hyperbolic tangent and linear functions are used in the hidden layer and the output layer, correspondingly. This paper further explores new techniques for STLF. We propose a set of five inputs and an adaptive neurofuzzy inference system (ANFIS) for accurately forecasting short-term load.
II. FACTORS IN SHORT-TERM LOAD FORECASTING
It is well-known that weather is a dominant factor in STLF [2] - [5] , [12] - [16] . For example, hot and humid weather result in the increased use of the air conditioners, cold weather results in more spacing heaters being turned on. Also, extreme weather will keep people inside. This leads to more televisions, personal computers, playstations etc. being turned on. These actions draw significant source of energy from utilities.
Besides the weather data such as temperature ( T ) and dew point ( DP ), we also utilized day of the week ( DOW ), time of the day (TOD), and current-hour load ( CL ) as the inputs for the ANFIS. The output would be the next-hour load ( NHL ). 
III. ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM (ANFIS) FOR SHORT-TERM LOAD FORECASTING
Since the set of inputs utilized to perform STLF is nonlinear, therefore an adaptive decision-making system is attempted for the purpose of accurately mapping the inputs to the output.
An ANFIS based system has the merits of fuzzy logic capable of mimicking the way human beings reason, and artificial neural networks with the adaptive learning ability [17] . Such a hybrid system is composed of fuzzy if-then rules.
In our proposed system, a set of five features are obtained and employed as inputs to the ANFIS, each of which has two Gaussian membership functions, representing Small and Large value, respectively. The ANFIS system with 32 rules can be represented in Fig. 1 . Figure 1 . A five-input, 32 rule ANFIS architecture In the figure, the five inputs are denoted as 1 x , 2 x , …, 
Where, the notation denotes the AND operator, which is realized by using the product function here. Layer 5: This is the output layer of the ANFIS network, which contains a single node. The function of this node is to compute the overall output by summing all incoming signals.
As an example, one fuzzy rule of the system is written as (6) 
IV. TRAINING OF THE SYSTEM

A. Training Data
The hourly load, temperature, and dew point of every hour in the year of 2001 are obtained. Each day-of-theweek and hour-of-the-day is assigned to the load, temperature, and the dew point accordingly. The five mentioned factors are to be adopted as training data.
B. Training Process
Step 1: The proposed inputs were obtained from NAUC and local weather forecasting station and used as the inputs for the ANFIS.
Step 2: A matrix of 8760 x 6 was generated, with the row number matching the number of hours in the year of 2001. The first five columns represent the inputs. The last column represents the output. This matrix is then employed as the training set for the ANFIS. It is worth noting that the values of current-hour load and the forecasting output have been scaled by dividing by 1000.
The training process is stopped when the root mean square error reaches 0.05. It takes 531 epochs to train the 32 rule-based system. The training method and steps are referred to [18] .
Step 3: For the training purpose, membership functions are assigned to each input. Each input has two Gaussian membership functions. The rules are generated by the grid partition method. Since there are five inputs with two membership functions, the rule set contains 5 2 , i.e., 32 rules.
The training process automatically adjusts the membership functions based on input patterns. As examples, Fig. 2 and Fig. 3 depict the membership functions of Day-of-Week and hour of the day, respectively. 1 mf and 2 mf represent the first (small) and second (large) membership function of the input, respectively. As expected, the eventual membership function as a result of the training process is quite different from the initial membership function. The 3-D surface plot shown in Fig. 4 depicts the relationship between certain inputs and the output obtained by the developed ANFIS system, where other inputs are fixed at a certain value. Fig. 4 illustrates the relationship between the two inputs, temperature and day of the week, and the output which is the next hour load. In this figure, we can see that there is a pattern such as: when the temperature is extreme, either too cold or too hot, and when it is weekend, then the load would be very high. Where the first column represents hour of the day, second column stands for day of the week, and the third, fourth, and fifth column represent temperature, dew point, and current hour load, respectively. The matrix is then fed into the proposed ANFIS. The forecasted load gives an average error within 2.5% as calculated using equation 7. The 2.5% average error based on the proposed method is quite accurate in comparison with similar work. In addition, the proposed method is suitable for both holidays and non-holidays. In this paper, we have proposed a set of five inputs, i.e. the hour of the day, day of the week, next hour's temperature, next hour's dew point, and current hour's load. Based on the inputs, a neuro-fuzzy inference system is designed for the purpose of forecasting the next hour's load. The system has the advantages of easily mimicking experts' knowledge and automatically tuning the fuzzy 
